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Abstract

To address the challenges of large-scale drought-resistance phenotyping in cotton—specifically 
the difficulty of assessment and the high cost of destructive sampling—this study developed 
a high-throughput evaluation framework for the Drought Resistance Coefficient of Effective 
Boll Number (DCEBN) in Gossypium hirsutum (upland cotton). This framework inte-
grates time-series UAV-based multispectral technology with interpretable machine learning 
algorithms. Based on field drought experiments conducted in Xinjiang during 2023–2024 
using 150 core germplasm accessions, we extracted and calculated the relative response 
ratios of canopy multispectral vegetation indices (DCVIs). We compared the predictive 
performance of K-Nearest Neighbors (KNN), Support Vector Regression (SVR), Random 
Forest (RF), and Stacking ensemble algorithms, while employing the SHapley Additive 
exPlanations (SHAP) framework to quantify the contribution of each vegetation index to 
DCEBN prediction. This framework provides a practical, non-destructive approach for 
large-scale DCEBN prediction and for identifying key spectral indicators of drought toler-
ance in cotton. The results demonstrated that time-series multispectral features sensitively 
captured the dynamic response of cotton to water deficit; notably, ensemble learning models 
(RF and Stacking) exhibited superior fitting accuracy and generalization capabilities in 
predicting DCEBN. SHAP analysis identified NRI, SCCCI, MTVI2, and EVI as the four key 
indices contributing most significantly to the predictions, offering interpretable guidance for 
reducing spectral redundancy in future phenotyping. Validation using extreme-phenotype 
genotypes further confirmed that changes in these four indices effectively reflected the de-
cline in photosynthetic rate and the reduction in effective boll number under drought stress, 
demonstrating that the model can both predict DCEBN and identify extreme germplasm 
for breeding use.

Keywords: upland cotton; drought stress; effective boll number per plant; UAV multispectral 
imagery; machine learning; SHAP analysis
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1. Introduction
Cotton (Gossypium hirsutum L.) is a vital global natural fiber crop and a significant 

source of oil and protein; however, its growth and development are highly sensitive to 
water availability [1]. Amidst global warming, frequent extreme weather events, and 
dwindling groundwater resources, drought has emerged as the primary abiotic stress factor 
limiting stable, high cotton yields worldwide—particularly in arid and semi-arid regions 
such as Xinjiang, China’s largest cotton-producing area [2]. Water deficit induces stomatal 
closure, inhibits photosynthesis, and accelerates chlorophyll degradation [3], leading to 
the shedding of squares and bolls, which significantly reduces the effective boll number 
per plant and lint yield [4]. Consequently, in the context of climate change, the rapid and 
precise screening and breeding of drought-resistant germplasm have become key strategies 
for ensuring the sustainable development of the cotton industry [5].

Crop breeding is currently undergoing a pivotal transition from genomics to phe-
nomics [6]. Traditional drought-resistance phenotyping relies heavily on manual field 
assessments—such as using portable instruments to measure gas exchange parameters, 
manually counting fruiting branches and bolls, and destructive sampling for yield estima-
tion [7]. These methods are not only labor-intensive and costly but also prone to subjective 
error, making them inadequate for the high-throughput phenotyping demands of modern 
genome-wide association studies (GWAS) and large-scale breeding populations. The lag in 
phenotyping efficiency has become a significant bottleneck in elucidating the mechanisms 
underlying genotype–environment interactions [8].

In recent years, rapid advancements in low-altitude unmanned aerial vehicle (UAV) 
remote sensing and sensor technologies have provided transformative tools for high-
throughput phenotyping of field crops [9]. UAVs equipped with multispectral cameras can 
rapidly acquire high-resolution canopy imagery; by extracting reflectance data from specific 
spectral bands (such as visible light, red-edge, and near-infrared) and calculating vegetation 
indices (VIs), researchers can sensitively monitor the physiological and biochemical status 
of crops [10]. Studies have shown that indices such as the Normalized Difference Vegetation 
Index (NDVI) are highly correlated with leaf area index (LAI) and biomass, whereas red-
edge indices (e.g., NDRE, SCCCI) are more sensitive to changes in chlorophyll content and 
responses to water stress [11]. Although multispectral technology has been widely applied 
to crops such as wheat and maize [12], there remains a lack of systematic, quantitative, and 
in-depth research into the dynamic response mechanisms of multidimensional spectral 
characteristics in Gossypium hirsutum (upland cotton) populations—particularly under 
temporal drought stress.

With the acquisition of massive, high-dimensional remote sensing datasets, traditional 
linear regression models struggle to effectively handle the inherent non-linearity and multi-
collinearity of the data [13]. Machine learning (ML) algorithms offer an effective solution to 
this challenge [14]. Algorithms such as KNN, SVR, RF, and Stacking Ensemble learning ex-
cel at deciphering the non-linear mapping relationships between complex agronomic traits 
and spectral data [15]. However, complex ML models often lack interpretability regarding 
their internal operations [16]; while they achieve high prediction accuracy, quantifying the 
specific contribution mechanisms of individual spectral bands or features remains difficult, 
thereby limiting their deeper application in plant physiology and breeding [17]. To ad-
dress this issue, the game theory-based SHAP method has emerged. SHAP quantifies the 
marginal contribution of each feature to the model output, enabling not only the global rank-
ing of feature importance but also the revelation of how changes in feature values positively 
or negatively influence predictions, thus bridging the gap between data mining and plant 
physiological mechanisms [18]. This convergence of high-throughput phenotyping and 
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AI-assisted prediction has recently been identified as a core enabler for precision breeding 
of climate-resilient cotton, underscoring the timeliness of the present work [19].

Previous studies have demonstrated the potential of UAV multispectral imagery for 
drought phenotyping in cotton; however, most relied on single-time-point observations 
or a limited number of vegetation indices, and the models used were often “black boxes” 
that provided little insight into which spectral features drive the prediction. Moreover, 
drought resistance evaluation has frequently been based on a single trait or a narrow set 
of indices, and the classification of germplasm has rarely been linked to dynamic canopy 
spectral responses across the growing season. These limitations hinder the identification of 
robust spectral markers and the translation of model outputs into breeding decisions. To 
address these gaps, this study utilized 150 upland cotton accessions in field drought stress 
experiments conducted in Xinjiang during 2023–2024. We first established a multi-index 
drought resistance evaluation system and classified the germplasm; we then used UAVs to 
acquire time-series multispectral data to analyze the dynamic response patterns of canopy 
vegetation indices. We compared the prediction accuracy of KNN, RF, SVR, and Stacking 
models for the DCEBN, employed the SHAP framework to analyze feature importance, 
and identified potential spectral markers by comparing genotypes with extreme drought 
resistance or sensitivity. By linking time-series spectral features, interpretable machine 
learning, and extreme-genotype validation, this study provides methodological support for 
high-throughput cotton phenotyping, the discovery of drought-resistance gene resources, 
and precise yield estimation.

2. Materials and Methods
2.1. Experimental Site Overview and Plant Materials

Field experiments were conducted in 2023 and 2024 at agricultural experimental sta-
tions in Manas County (44°17′ N, 86°13′ E) and Huyanghe City (44°43′ N, 84°44′ E), Xinjiang 
Uygur Autonomous Region, China (Figure 1A). At the Manas site, the annual precipita-
tion was approximately 110.2 mm, lower than the long-term mean annual precipitation of 
Manas County (approximately 164.5–182.1 mm). Precipitation during the growing season 
(April–October) was approximately 96.2 mm, of which 44.7 mm occurred from June to 
August; in July, precipitation was only 0.5 mm and the mean maximum temperature reached 
34 °C, indicating pronounced water deficit and high-temperature conditions during the 
critical cotton growth period. At the Huyanghe site, the annual precipitation was 158.3 mm, 
lower than the long-term mean annual precipitation of Huyanghe City (approximately 
160.7–182.1 mm). Summer (June–August) precipitation was only 8.9 mm, markedly lower 
than the historical average for the same period. The mean summer temperature was 26.5  °C, 
and a prolonged high-temperature event with daily maximum temperatures above 35 °C per-
sisted for more than two weeks from 13 to 28 July, with an extreme maximum temperature 
of 42.4 °C. Overall, the cotton growing seasons at both experimental sites were characterized 
by a drought-stress background of precipitation deficit combined with high temperatures. 
This region—characterized by long summer daylight hours, significant diurnal temperature 
differences, scarce precipitation, and high evaporation rates—serves as a natural ecological 
zone for screening cotton under drought stress [20]. For this study, 150 representative 
Gossypium hirsutum L. core germplasm accessions—diverse in geographic origin, growth 
period, and genetic background—were selected as test materials, providing a wide range of 
variation in drought resistance performance.
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Figure 1. Geographic location of the experimental sites and the workflow for UAV multispectral data 
acquisition and vegetation index extraction. (A) The study area in Xinjiang, China. The blue and red 
stars denote the experimental sites in Huyanghe City and Manas County, respectively. The true-color 
orthomosaics show the canopy growth of the CK and DR plots at the flowering and boll-forming stage 
(before and after stress) and the boll-opening stage. (B) The workflow of UAV data acquisition, image 
processing, and vegetation index extraction. Multispectral imagery was captured by a DJI Phantom 
4 UAV (DJI, Shenzhen, China), processed in Pix4Dmapper, and extracted using ArcGIS, ultimately 
yielding a spectral feature dataset containing 24 vegetation indices derived from five spectral bands.

2.2. Experimental Design and Drought Stress Treatment
All germplasm resources were planted using a randomized complete block design. 

The field layout followed a “one-film, three-row” configuration, with single-row planting 
and a row length of 2 m. The experiment consisted of two treatments: a well-watered 
control (CK) and a drought stress treatment (DR), each with two replicates. All plots were 
managed using plastic-mulched drip irrigation. In the CK plots, conventional irrigation was 
applied throughout the entire growth period. In the DR plots, the same irrigation regime as 
that of the CK was applied until the flowering and boll-setting stage, after which irrigation 
was withheld for four irrigation cycles (approximately 28 days). Following the stress period, 
the DR plots resumed an irrigation schedule of once every 7 days. Except for the irrigation 
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treatments, all other field management practices were identical for both the CK and DR 
groups. Net photosynthetic rate (A) was measured during the drought stress treatment at 
the flowering and boll-setting stage, while the number of effective fruiting branches per 
plant (EFBN), the number of effective bolls per plant (EBN), and the lint yield per plant 
(Lint) were assessed during the boll-opening stage.

2.3. Ground-Based Phenotypic Data Collection and Drought Resistance Evaluation
2.3.1. Measurement of Physiological and Yield Traits

Following the drought stress treatment during the flowering and boll-setting stage, 
measurements were taken on sunny mornings (10:00–12:00). A photosynthesis system 
(CIRAS-3, PP Systems, Amesbury, MA, USA) was used to measure the net photosynthetic 
rate (A) of the fourth fully expanded leaf from the top of the main stem on representative 
plants within each plot. Sampling and yield component analysis were conducted during the 
cotton boll-opening stage. Key yield-forming factors were surveyed and recorded, including 
the number of effective fruiting branches per plant, the number of effective bolls per plant, 
and lint yield per plant (Lint, g/plant). The survey methods followed the Descriptors and 
Data Standard for Cotton Germplasm Resources [21].

2.3.2. Comprehensive Drought Resistance Coefficient and Cluster Analysis
The drought resistance coefficient (DC) and comprehensive drought resistance coeffi-

cient (CDC) are indices used to assess drought impact based on the degree of reduction in 
specific traits under the drought stress imposed in this study, in which irrigation was with-
held from plants in the flowering and boll-setting stage for four consecutive irrigation events 
(approximately 28 days; see Section 2.3.1); these indices serve to identify drought-tolerant 
genotypes. Descriptive statistical analysis of phenotypic data was performed using SPSS 25.0 
software [22], while calculations for DC and CDC were carried out using Excel 2010 [23]. 
In the formulas, Xd represents the measured value of a specific trait under drought stress, 
and Xw represents the measured value of the same trait under normal control conditions. 
Based on these comprehensive evaluation values, hierarchical clustering was performed 
in the R environment using Euclidean distance, and a circular cluster dendrogram was 
generated [24].

DC = Xd/Xw (1)

CDC =
1
n∑

n

i=1
DC, i = 1, 2, 3, ⋯ , n (2)

2.4. UAV Multispectral Data Acquisition and Image Pre-Processing
2.4.1. UAV Flight Platform

Drought stress treatments were implemented during the flowering and boll-forming 
stage of cotton. UAV multispectral data were collected 7, 10, 15, and 25 days after the onset of 
stress (designated as T1, T2, T3, and T4, respectively). A DJI Phantom 4 Multispectral (P4M) 
UAV equipped with a five-channel multispectral camera was used to capture high-resolution 
canopy imagery (Figure 1B). The P4M system comprises one visible light (RGB) sensor 
and five single-band multispectral sensors with center wavelengths of: Blue (450 ± 16 nm), 
Green (560 ± 16 nm), Red (650 ± 16 nm), Red-Edge (730 ± 16 nm), and Near-Infrared 
(NIR, 840 ± 26 nm). Flight missions were planned using DJI GS PRO software (v2.0.17). 
The flight altitude was set to approximately 30 m above the canopy to ensure ultra-high 
ground sampling distance (GSD). Both forward and side overlap rates were set to 80%. All 
flights were conducted around midday under cloud-free or partly cloudy conditions to 
minimize shadow errors caused by the solar elevation angle. Radiometric calibration was 
performed prior to flight using a standardized gray reflectance panel (Figure 1B).
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2.4.2. Image Mosaicking and Region of Interest (ROI) Extraction
Raw multispectral images acquired during the flights were imported into Pix4Dmapper 

software Version 4.5.6 [25]. Based on photogrammetry and Structure-from-Motion (SfM) 
algorithms, the software automatically performed internal feature point matching, camera 
distortion correction, and radiometric calibration, ultimately generating a seamless, high-
resolution orthomosaic with precise geographic coordinates. The orthomosaic was then 
imported into ArcGIS Pro 10.8 software [26]. Based on the actual field planting layout, 
polygon vector files (Figure 1B) were created—either manually drawn or semi-automatically 
generated—to precisely cover each experimental plot. Subsequently, the Zonal Statistics 
tool in ArcGIS was used to extract the average canopy reflectance within the shapefile mask 
of each plot, while filtering out soil background noise.

2.5. Calculation of Vegetation Indices (VIs)
Vegetation indices are mathematical combinations of multi-band surface reflectance 

designed to enhance specific physiological characteristics of vegetation while suppressing 
environmental background noise [27]. Based on the reflectance values extracted from the 
five spectral bands, this study calculated 24 vegetation indices widely used in the literature 
for assessing crop drought phenotypes [28–30]; the indices and their calculation formulas 
are presented in Table 1.

Table 1. Calculation formulas for the 24 vegetation indices used in this study.

English Full Name Abbreviation Calculation

Green Vegetation Index VIg NIR/G

Red Vegetation Index VIr NIR/R

Modified Soil-Adjusted Vegetation Index MSAVI (NIR − R)(1 + L)/(NIR + R + L) L = 0.1

Modified Soil-Adjusted Vegetation Index 2 MSAVI2 2NIR+1−√(2NIR +1)2−8(NIR−R)
2

Normalized Difference Vegetation Index NDVI (NIR − R)/(NIR + R)

Optimized Soil-Adjusted Vegetation Index OSAVI (NIR − R)/(NIR + R + 0.16)

Soil-Adjusted Vegetation Index SAVI (NIR−R)
(NIR+R+0.5) × (1 + 0.5)

Soil-Adjusted Canopy Chlorophyll Index SCCCI NDRE/NDVI

Chlorophyll Index Red Edge CIRE (NIR/RE) − 1

Structure Insensitive Pigment Index SIPI (NIR − B)/(NIR + R)

Chlorophyll Index Green CIGreen NIR/G − 1

Difference Vegetation Index DVI NIR − R

Ratio Vegetation Index RVI NIR/R

Leaf Chlorophyll Index LCI (NIR − RE)/(NIR + R)

Enhanced Vegetation Index EVI 2.5 × (NIR − R)/(NIR + 6 × R − 7.5 × B + 1)

Green Normalized Difference Vegetation Index GNDVI (NIR − G)/(NIR + G)

Normalized Difference Red Edge Index NDRE (NIR − RE)/(NIR + RE)

Red Edge Simple Ratio Index SRre NIR/RE

Simple Ratio Index SR NIR/R

Normalized Redness Index NRI R/(NIR + RE + R)
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Table 1. Cont.

English Full Name Abbreviation Calculation

Red Edge Difference Vegetation Index RE−DVI NIR − RE

Normalized Difference Water Index NDWI (G − NIR)/(G + NIR)

Modified Triangular Vegetation Index 2 MTVI2
1.5[1.2(NIR − G) − 2.5(R − G)]

√ (2NIR +1)2−(6NIR −5√R)−0.5

Modified Simple Ratio MSR (NIR – R − 1)/(√NIR + R + 1)

2.6. Construction of Machine Learning Prediction Models
2.6.1. Dataset Partitioning and Preprocessing

To eliminate genetic differences in the baseline phenotypes of various cotton germplasms 
and accurately quantify the plants’ true response to water deficit, this study utilized the 
drought resistance coefficient of each indicator as the input and prediction variable for 
machine learning. Specifically, the ratios of multispectral vegetation indices and measured 
effective boll numbers per plant under drought stress treatments relative to the normal 
control group were calculated (denoted as DCVIs and DCEBN, respectively). After cleaning 
the sample dataset—comprising the aforementioned ratio features—and removing extreme 
outliers, Z-score standardization was applied to transform all input features into a standard 
normal distribution with a mean of 0 and a variance of 1. Finally, the preprocessed dataset 
was randomly split into a training set (70%) and a test set (30%) to ensure the reliability of 
model construction and independent validation [31].

2.6.2. Model Construction, Optimization, and Validation Methods
To achieve accurate prediction of DCEBN, this study constructed four regression 

models: KNN, SVR, RF, and Stacking Ensemble (Stacking). KNN and SVR leverage non-
parametric mechanisms and the principle of structural risk minimization, respectively, to 
flexibly handle local non-linearity and high-dimensional data features. RF employs the Bag-
ging strategy to effectively overcome the overfitting issues associated with single models and 
demonstrates strong adaptability to multicollinearity. Meanwhile, the two-layer Stacking 
architecture achieves deep fusion of multi-perspective features by using a meta-learner to 
perform secondary fitting on the outputs of base models. During model construction, a grid 
search combined with 10-fold cross-validation was employed for global hyperparameter 
optimization, ensuring the models could robustly capture the complex mapping relation-
ship between growth parameters and EBN [32]. Finally, the coefficient of determination 
(R2 ), root mean square error (RMSE), and mean absolute error (MAE) were selected as the 
core evaluation metrics for the independent test set. These metrics comprehensively assess 
the model’s ability to explain data variation, its sensitivity to extreme errors, and its overall 
prediction bias, thereby validating the model’s accuracy and generalization performance. 
R2 , RMSE, and MAE were calculated using Equations (3)–(5), where ymi  and ypi  represent 
the actual observed value and the model-predicted value for the i-th sample, respectively, 
and y denotes the arithmetic mean of the actual observed values (Figure 2).

R2 = 1 − ∑
n

i=1
(ymi − ypi)

2
/∑

n

i=1
(ymi − yi)

2
(3)

RMSE = √ 1
n∑

n

i=1
(ymi − ypi)2 (4)

MAE =
1
n∑

n

1=1
|ymi − ypi| (5)
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Figure 2. Workflow of the EBN prediction framework based on UAV multispectral data and machine 
learning. The framework includes three modules: (1) base model training and evaluation (KNN, SVR, 
and RF with 10-fold cross-validation and grid search, evaluated by R2 , RMSE, and MAE); (2) the 
Stacking ensemble architecture (decision tree and SVR as base learners, Ridge Regression as the 
meta-learner); and (3) model verification and application (optimal model selection, SHAP-based 
feature importance analysis, and comprehensive drought resistance evaluation).

2.7. Statistical Analysis and Plotting
Standard one-way analysis of variance (ANOVA) and tests for significant differences 

(Student’s t-test; p < 0.05, p < 0.01, and p < 0.001 were considered significant) were per-
formed using Origin [33] or R. Data visualization—including raincloud plots, heatmaps, 
and PCA scatter plots—was carried out to produce high-quality figures using OriginPro 
2024, R packages 4.5.3 (such as ggplot2 and corrplot) [34], and Python 3.8 [35].

3. Results
3.1. Effects of Drought Stress on Agronomic and Physiological Traits of Upland Cotton

Across the two environments in 2023 and 2024, the results regarding key cotton phe-
notypic traits under normal water supply (CK) and drought stress (DR) treatments were 
highly consistent; drought stress caused a significant decline in all observed traits (p < 0.001). 
Specifically, under normal water conditions (CK), the net photosynthetic rate (Figure 3A) 

https://doi.org/10.3390/agronomy16212185

https://doi.org/10.3390/agronomy16212185


Agronomy 2026, 16, 2185 9 of 21

clustered in the 25–35 μmol·m−2 ·s−1  range, whereas the drought treatment (DR) shifted this 
distribution significantly to the left, into the 15–20 μmol·m−2 ·s−1  range, indicating that water 
deficit severely limited the photosynthetic carbon assimilation capacity of cotton leaves. 
This inhibitory effect was also evident in yield components and final yield (Figure 3B–D): 
compared to CK, the DR treatment resulted in markedly narrower distribution ranges and 
significantly lower mean values for the number of effective bolls per plant (Figure 3B) 
and the number of effective fruiting branches per plant (Figure 3C), reflecting impaired 
reproductive growth and canopy development; consequently, the peak of the distribution 
for lint yield per plant (Figure 3D) dropped from approximately 60 g in the CK group to 
around 45 g in the DR group. The significant differences in these phenotypic data confirm 
the effectiveness of the drought stress treatment in this study and provide ground-truth 
data with a sufficient gradient for the subsequent construction of remote sensing-based 
monitoring models.

Figure 3. Statistical distribution of key physiological and yield traits of cotton under different water 
treatments in 2023 and 2024. (A) Net photosynthetic rate. (B) Number of effective bolls per plant. 
(C) Number of effective fruiting branches per plant. (D) Lint yield per plant. Asterisks above the 
bars indicate significant differences between treatments (Student’s t-test; *** p ≤ 0.001).

3.2. Evaluation of Drought Resistance and Population Classification of Upland Cotton Germplasm
This study employed hierarchical clustering based on CDC to construct a classification 

map of drought resistance for 150 cotton germplasm accessions (Figure 4). In Figure 4, the 
dendrogram was cut at a Euclidean distance threshold that yielded four stable groups, and 
the sectors are colored according to the mean CDC of each group, with accessions ordered 
by their CDC values within each sector. The results revealed that the tested population 
was clearly divided into four main groups: Group I (red sector), comprising 32 accessions 
(including GH003 and GH038), exhibited the highest CDC values and superior overall 
drought tolerance, and was thus classified as highly resistant (HR). In contrast, Group IV 
(green sector), comprising 57 accessions, showed the most severe drought-induced inhibi-
tion and the poorest overall performance, and was classified as highly susceptible (HS). 
Groups II (blue sector) and III (yellow sector), containing 30 and 31 accessions respectively, 
represented intermediate types falling between these extremes. The four groups differed 
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significantly in CDC (ANOVA, p < 0.001), with mean CDC decreasing from Group I to 
Group IV; the HR group accounted for only about 21% of the accessions, whereas the HS 
group accounted for about 38%, indicating that drought-susceptible materials predom-
inated in this core collection. The intermediate groups (II and III) together comprised 
61 accessions and showed overlapping CDC ranges, suggesting continuous rather than 
discrete variation in drought tolerance within the population. These clustering results 
quantitatively demonstrate the extensive phenotypic variation within the core germplasm 
population; by identifying accessions with contrasting responses (HR vs. HS), the study 
provides a scientific basis for selecting materials to validate the reliability of UAV-based 
spectral prediction models.

Figure 4. Hierarchical clustering analysis of 150 cotton germplasm accessions based on CDC. Group I 
(red sector) represents HR accessions; Group II (blue sector) and Group III (yellow sector) represent 
intermediate types; Group IV (green sector) represents HS accessions.

3.3. Temporal Variations in Cotton Canopy Spectral Characteristics Under Drought Stress
To investigate the dynamic evolution of cotton canopy multispectral characteristics as 

drought stress persisted, this study conducted Principal Component Analysis (PCA) on 
vegetation indices across four key stages (T1–T4). As shown in Figure 5, the distributions 
of the CK and DR treatments in the PCA space exhibited a clear trajectory of temporal 
separation as the duration of stress increased. In the early experimental stage (T1, Figure 5A), 
the 95% confidence ellipses of the CK and DR groups showed significant overlap, with the 
first principal component (PC1) explaining 63.5% of the data variance; this indicates that 
inter-group differences in spectral characteristics were not yet pronounced. As the drought 
intensified (T2, Figure 5B), the distribution centroids of the two datasets shifted significantly 
along the PC1 axis, and the variance contribution rate of PC1 rose to 84.9%, demonstrating 
that water treatment had become the dominant factor driving spectral variation. By the mid-
to-late growth stages (T3–T4, Figure 5C,D), the cumulative effects of drought resulted in 
complete separation of the two sample groups in the two-dimensional space: the CK group 
clustered consistently on the positive side of the PC1 axis, while the DR group concentrated 
on the negative side, with PC1 maintaining an explanatory power of over 82.0%. These 
results indicate that UAV-based multispectral vegetation indices can sensitively capture the 
physiological and morphological changes in cotton subjected to drought and effectively 
distinguish canopy characteristics under different water regimes.
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Figure 5. Temporal PCA of cotton multispectral vegetation indices under different water treatments 
(T1−T4). (A) T1, 7 days after stress onset. (B) T2, 10 days after stress onset. (C) T3, 15 days after stress 
onset. (D) T4, 25 days after stress onset. CK: control; DR: drought treatment. The 95% confidence 
ellipses are shown for each group.

3.4. Correlation Analysis Between Vegetation Indices and Cotton Yield and Physiological Traits
Establishing the link between spectral response patterns and yield variation under 

drought stress is a prerequisite for predicting drought resistance. To eliminate the in-
fluence of genetic background differences in baseline phenotypes and accurately reflect 
plant responses to water deficit, this section employs drought resistance coefficients (DC 
values—defined as the ratio of measurements under drought stress to those under normal 
control conditions) for correlation analysis. Figure 6A–D presents heatmaps of Pearson 
correlation coefficients between the relative changes in multispectral vegetation indices and 
the drought resistance coefficients of ground-measured agronomic and physiological traits 
(DCA, DCEFBN, DCEBN, DCLint).
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Figure 6. Heatmaps of Pearson correlations between drought resistance coefficients of cotton agro-
nomic traits and multispectral vegetation indices at different growth stages. (A–D) Correlation 
matrices at stages T1–T4, respectively. DCA, DCEFBN, DCEBN, and DCLint represent the drought 
resistance coefficients of net photosynthetic rate, effective fruiting branch number, effective boll num-
ber, and lint yield per plant, respectively. DCVIs represent the drought resistance coefficients of 
vegetation indices.

The results reveal two key findings: First, there is high multicollinearity among the 
vegetation indices; for instance, the correlation coefficients (r) between DCNDVI and DCEVI 
and between DCMTVI2 and DCOSAVI generally exceed 0.8. Such high data redundancy 
limits the applicability of traditional multiple linear regression, indicating that subsequent 
modeling must utilize machine learning algorithms capable of handling multicollinearity. 
Second, the drought resistance levels of core yield indicators—such as the number of effec-
tive bolls per plant and lint yield—show significant correlations with the relative changes 
in various spectral features. The figures demonstrate that the drought resistance coefficient 
for DCEBN is strongly positively correlated with indices reflecting biomass maintenance 
capacity (e.g., DCGNDVI and DCEVI) while also showing negative correlations with cer-
tain other indices. These findings confirm that dynamic changes in cotton canopy spectral 
features effectively characterize crop biomass accumulation and stress resistance status 
under drought conditions, thereby providing a reliable data foundation for subsequent 
drought resistance prediction modeling.
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3.5. Construction and Comparison of Machine Learning-Based Prediction Models for Effective Bolls 
per Plant

Prediction models for the DCEBN were constructed using four machine learning 
models (KNN, RF, Stacking, and SVR), with the drought resistance coefficients of vegetation 
indices from four growth stages (T1–T4) serving as input features (Figure 7). Significant 
performance differences were observed among the models based on scatter distributions and 
fitted regression lines. Ensemble tree models (RF and Stacking) demonstrated the highest 
prediction accuracy; the scatter points representing predicted versus actual values converged 
tightly around the ideal 1:1 diagonal line, and the fitted regression lines (solid lines) for the 
training and testing sets nearly overlapped, with slopes closest to 1. In contrast, the KNN and 
SVR models exhibited greater dispersion. The KNN model, in particular, showed a fitted line 
slope that deviated significantly from the diagonal, displaying a systematic underestimation 
in the high-DCEBN range (i.e., the range indicating stronger drought resistance).

Figure 7. Scatter plots and marginal distribution characteristics of four machine learning models 
predicting the DCEBN based on vegetation indices across different periods. The columns represent the 
four regression models (KNN, RF, Stacking, SVR), and the rows represent the four periods (T1–T4). 
In each subplot, the x-axis represents the actual measured DCEBN value (True Value), and the y-axis 
represents the model-predicted value (Predicted Value). Colors distinguish data points from the 
training set (Train) and the test set (Test). The dashed line represents the ideal 1:1 prediction baseline 
(y = x), while the solid lines and semi-transparent shaded bands represent the linear regression fit 
lines and their respective confidence intervals. The histograms at the top and right of each subplot 
display the marginal frequency distributions of the actual and predicted values, respectively.
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Regarding the temporal dimension, all four models maintained consistent fitting char-
acteristics across stages T1 through T4 without significant performance degradation over 
time, indicating that drought resistance prediction models based on the relative changes in 
vegetation indices possess robust temporal stability. Furthermore, the marginal histograms 
indicate that the frequency distributions of the test set predictions from the RF and Stacking 
models closely replicated the data structure of the actual DCEBN values, further validating 
the superiority of these two ensemble models in avoiding overfitting and generalizing to 
unseen samples.

3.6. Model Interpretability and Feature Importance Analysis Based on the SHAP Method
To evaluate the interpretability of the prediction model and explore the core drivers 

determining the DCEBN, this study employed the SHAP method (Figure 8A–D). The bar 
charts on the left illustrate the global relative importance of each input feature. The results 
indicate that a few key vegetation indices dominated the model’s decision-making process. 
Across the four distinct periods, features such as NRI, SCCCI, MTVI2, and EVI consistently 
ranked highest in importance. Specifically, in Figure 8A, the MTVI2 feature alone accounted 
for 44.45% of the relative contribution; however, in Figure 8B–D, NRI superseded MTVI2 as 
the most important predictor, reaching a peak weight of 19.37% (Figure 8D).

Figure 8. Feature importance and impact analysis for the DCEBN prediction model based on the 
SHAP method. (A) SHAP analysis at stage T1. (B) SHAP analysis at stage T2. (C) SHAP analysis at 
stage T3. (D) SHAP analysis at stage T4. In each panel, the bar chart on the left indicates the global 
relative importance (%) of each vegetation index, and the beeswarm plot on the right illustrates the 
impact of each feature on the model output; individual points represent single samples, with red and 
blue colors indicating high and low raw feature values, respectively. SHAP values greater than 0 on 
the horizontal axis indicate a positive (increasing) effect on the prediction target, while values less 
than 0 indicate a negative (decreasing) effect.

The SHAP beeswarm plots on the right further reveal the specific direction of influence 
these core features exert on the model output. Colors represent the magnitude of the raw 
feature ratios (red for high, blue for low), while the horizontal axis represents SHAP values 
(values > 0 indicate a positive contribution to the predicted DCEBN, whereas values < 0 
indicate a negative contribution). As shown in Figure 8A, samples with high MTVI2 and 
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SCCCI ratios (red dots) are clearly concentrated on the positive side of the SHAP axis, 
while samples with low ratios (blue dots) cluster on the negative side. This indicates that 
under drought stress, greater canopy biomass and chlorophyll retention capacity exert 
a significant positive driving effect on the prediction of effective boll retention per plant. 
Conversely, Figure 8B–D clearly reveal a negative feedback pattern for specific indices (such 
as NRI): the vast majority of samples with abnormally high ratios are distributed on the 
negative side of the SHAP axis, demonstrating a significant negative correlation. The SHAP 
analysis results not only quantify the varying contributions of spectral feature ratios across 
different periods but also align closely with the patterns of cotton canopy senescence and 
biomass translocation under drought conditions.

3.7. Verification of Spectral and Agronomic Trait Differences Between Drought-Resistant and 
Drought-Sensitive Materials

To evaluate the feasibility of using UAV-based multispectral monitoring for cotton 
water stress, Figure 9 compares the temporal dynamics of four multispectral vegetation 
indices under different water treatments across key cotton growth stages (T1–T4) over two 
consecutive years of experiments. The results indicate that drought stress had a highly signif-
icant impact (p < 0.001) on all measured indices. Although differences between treatments 
were relatively small during the initial stress phase (T1), the divergence in data trajectories 
between the CK and DR groups widened as the drought progressed, revealing two distinct 
response patterns. Specifically, EVI (Figure 9A,E) and MTVI2 (Figure 9B,F)—indices closely 
related to canopy structure and greenness—were markedly suppressed under drought 
conditions, with values declining sharply as the duration of stress increased. In contrast, 
NRI (Figure 9C,G) and SCCCI (Figure 9D,H) were significantly higher in the drought group 
than in the control group, exhibiting a marked and sustained upward trend. These character-
istic patterns remained highly consistent across the two independent years of experiments, 
confirming that these four multispectral indices are minimally affected by inter-annual 
environmental variations and can sensitively and robustly capture and characterize the 
progression of cotton drought stress.

Figure 9. Comparison of vegetation index changes between CK and DR groups across different growth 
stages (T1–T4). (A,E) Enhanced Vegetation Index (EVI). (B,F) Modified Triangular Vegetation Index 
2 (MTVI2). (C,G) Normalized Redness Index (NRI). (D,H) Soil-Adjusted Canopy Chlorophyll Index 
(SCCCI). The top row (A–D) and bottom row (E–H) represent 2023 and 2024, respectively. T1–T4 
represent four distinct growth stages. Asterisks above the bars indicate significant differences between 
treatments (Student’s t-test; *** p ≤ 0.001).
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To validate the practical utility of the population clustering results in breeding, five HR 
genotypes and five HS genotypes were selected from Clusters I and IV, respectively, based 
on the classification shown in Figure 4. Their performance under CK and DR conditions was 
compared across 2023 and 2024. Regarding measured agronomic and physiological traits 
(Figure 10E–H), drought stress affected the two groups of materials differently. The HS 
materials were extremely sensitive to water deficit; their photosynthetic rate (A), effective 
boll number per plant, and final lint yield all showed highly significant declines under 
drought treatment (p < 0.01 or p < 0.001). In contrast, the HR materials demonstrated 
excellent yield stability; even under two consecutive years of drought stress, their key 
yield metric (Figure 10H) showed no statistically significant difference compared to the 
control group, and yield components such as effective boll number per plant remained 
stable. Regarding UAV-based spectral phenotyping at the T3 stage (Figure 10A–D), the 
trends in spectral indices were highly consistent with ground-based measurements. For 
HS materials, drought-induced physiological decline led to distinct changes in canopy 
spectral characteristics, with four key indices—EVI, MTVI2, NRI, and SCCCI—showing 
significant differences under drought treatment. Conversely, the HR materials exhibited no 
significant changes in these vegetation indices before and after drought stress, maintaining 
high spectral stability. These results confirm that UAV multispectral phenotyping at the T3 
stage not only reflects the overall growth trends of cotton populations but also possesses the 
capability to accurately distinguish the drought-resistance potential of different genotypes. 
The stability of spectral indices can serve as a key indicator for screening drought-resistant 
germplasm, effectively facilitating field-based breeding evaluation.

Figure 10. Comparison of spectral indices and agronomic-physiological traits between HR and 
HS cotton genotypes under CK and DR treatments. (A–D) Spectral indices: (A) EVI, (B) MTVI2, 
(C) NRI, (D) SCCCI; UAV multispectral data were collected at the T3 stage. (E–H) Agronomic and 
physiological traits: (E) net photosynthetic rate, (F) effective boll number per plant, (G) effective 
fruiting branch number per plant, (H) lint yield per plant. Data cover the 2023 and 2024 growing 
seasons. Asterisks above the bars indicate significant differences between treatments (Student’s t-test; 
* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001).

4. Discussion
4.1. High-Throughput Analysis of Complex Yield Phenotypes and the Application of Ensemble 
Learning Algorithms

The number of effective bolls per plant is a core component determining final cotton 
yield [36]. Cotton is highly sensitive to water deficit during the flowering and boll-setting 
stages [37]; prolonged drought stress severely inhibits photosynthetic carbon assimilation 
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efficiency and disrupts metabolic balance within the plant, thereby accelerating the shedding 
of reproductive organs and causing significant square and boll loss [38]. For example, Gao 
et al. [39] found that drought-induced reductions in effective boll number were strongly 
correlated with final yield loss in cotton, and Sharma et al. [36] demonstrated that boll 
number contributed more to irrigated cotton yield than boll mass. These reports support 
the use of DCEBN as a core indicator for drought-resistance evaluation. Consequently, 
the actual retention rate of effective bolls under drought conditions—quantified as the 
DCEBN—serves as the most direct and pivotal agronomic indicator for evaluating the 
drought resistance potential of cotton germplasm.

However, traditional field surveys of effective boll numbers rely heavily on manual, 
plant-by-plant counting and destructive yield measurements in the autumn [40]. These 
methods not only consume vast amounts of labor and resources but also preclude contin-
uous monitoring of the same plant throughout its entire growth cycle, thereby severely 
constraining the large-scale screening of drought-resistant germplasm. UAV-based multi-
spectral remote sensing technology offers a breakthrough for high-throughput phenotypic 
data acquisition [41]. Yet, when processing high-dimensional multispectral data, significant 
multicollinearity often exists among the numerous vegetation indices (e.g., NDVI and EVI, 
as shown in Figure 6). Such data redundancy causes variance inflation during parameter es-
timation in traditional single linear regression models, distorting feature weight coefficients 
and making it difficult to accurately model the complex mapping relationship between 
spectral reflectance variations and the mechanisms of cotton boll shedding.

Comparative analysis in this study confirms that decision tree-based ensemble 
algorithms—specifically Stacking and Random Forest—demonstrate remarkable suitability 
for addressing these challenges. The Random Forest algorithm effectively mitigates the in-
terference of highly correlated features on model training and reduces the risk of overfitting 
through Bagging resampling strategies and random feature selection during node splitting. 
Meanwhile, the Stacking framework employs a meta-learner to perform secondary fusion 
of outputs from various base models; this approach fully integrates the independent data-
interpretation capabilities of multiple algorithms and maximizes the extraction of non-linear 
patterns inherent in high-dimensional spectral data. This ensemble strategy establishes a 
robust algorithmic foundation for the subsequent accurate isolation and selection of key 
spectral indicators that characterize boll retention capacity under drought stress.

Notably, the predictive performance achieved in this study (Stacking test R2  = 0.77–0.80) 
aligns well with recent UAV-based drought phenotyping studies in other crops. For instance, 
Xiang et al. [42] developed a hybrid deep learning framework for wheat yield prediction 
under contrasting water regimes using UAV hyperspectral imagery across 535 genotypes, 
reporting an R2  of 0.73 when fusing four phenological stages. The Stacking model in our 
study achieved a comparable R2  of 0.80 at the T3 stage, indicating that ensemble learning can 
effectively capture the spectral–physiological relationship in cotton boll retention, yielding 
results consistent with deep learning approaches applied in wheat. Furthermore, Xiang 
et al. [42] noted that prediction accuracy under severe water stress was lower than under 
well-watered conditions. This aligns closely with the slight decline in model accuracy 
we observed at the T4 stage (e.g., Stacking R2  decreased from 0.80 at T3 to 0.78 at T4). 
This cross-crop consistency suggests that prolonged, severe drought ultimately causes 
irreversible canopy senescence and structural damage, which introduces biological noise 
and obscures the spectral–phenotypic relationship. Consequently, the T3 stage—prior 
to the onset of irreversible damage—represents an optimal window for reliable drought 
resistance evaluation.
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4.2. Plant Physiological Relevance of the Quantified Feature Analysis Results
Previous studies utilizing machine learning for agricultural phenotype prediction have 

often prioritized improving model fitting accuracy, frequently failing to elucidate the spe-
cific mechanisms by which individual feature variables influence prediction outcomes. The 
SHAP feature attribution analysis introduced in this study not only provided a global quan-
titative ranking of the importance of 24 multispectral vegetation indices but also revealed 
the relationships between the directional changes in these indices and yield prediction, 
thereby grounding the data analysis results in clear plant physiological principles.

The analysis results indicate that NRI, SCCCI, MTVI2, and EVI are the core parameters 
driving the prediction of the number of effective bolls per plant. From a biological devel-
opment perspective, MTVI2 and EVI primarily reflect the leaf area index (LAI) and green 
vegetative biomass of the cotton canopy, representing the plant’s potential source supply of 
photosynthates [43]. Under drought stress, plants typically inhibit leaf expansion or even 
shed older leaves to maintain water balance; varieties capable of maintaining higher biomass 
indices often possess superior deep-root water uptake capabilities or higher water-use effi-
ciency [44], thereby ensuring the material basis for the translocation of photosynthates to 
the cotton bolls. This is in line with Zhao [45], who found that MTVI2 and EVI were among 
the indices most strongly correlated with cotton yield under different nitrogen levels, and 
with Wang et al. [46], who reported that biomass-related vegetation indices were more 
sensitive to early water stress than structural indices. The present study extends these 
findings by quantifying the positive contribution of MTVI2 and EVI to DCEBN prediction 
through SHAP values. In contrast, the NRI and the SCCCI are highly sensitive to decreases 
in intracellular chlorophyll concentration and changes in leaf water status. Drought induces 
the accumulation of reactive oxygen species (ROS) in cotton leaves, leading to the destruc-
tion of photosynthetic pigments and premature cellular senescence, which subsequently 
causes nutrient deprivation in reproductive organs and significant shedding of squares 
and bolls [47]. The SHAP model accurately captured the significant negative correlation 
between the increase in these two senescence-related red-edge indices and the predicted 
reduction in the number of effective bolls per plant. This demonstrates that the selected key 
features align well with the physiological and metabolic processes of cotton in response to 
drought, rather than being the result of coincidental data fitting.

4.3. Dynamic Evolution of Multispectral Features in Response to Drought over Time
Crop response to environmental water deficit is a time-series process that evolves from 

microscopic physiological and metabolic disturbances to macroscopic changes in morpho-
logical structure. The time-series principal component analysis conducted in this study 
(Figure 5) provides a comprehensive and objective record of these dynamic population-
level characteristics. During the initial stage of drought stress (Stage T1), cotton plants 
primarily respond to water deficits through micro-level mechanisms such as active stomatal 
closure and the accumulation of osmoregulatory substances [48]. At this stage, the phys-
ical structure of leaf cells remains largely intact, resulting in significant overlap between 
the canopy spectral characteristics of the treatment group and the normal control group; 
consequently, morphological damage is not visually apparent or detectable via preliminary 
remote sensing.

As soil moisture is continuously depleted and the duration of drought extends (Stages 
T2 through T4), the plants’ physiological compensatory capacity reaches its limit; leaves 
begin to wilt and yellow, and canopy spectral characteristics diverge sharply within the 
principal component space. Continuous monitoring of HR and HS genotypes (Figure 10) 
reveals that spectral parameters in drought-sensitive materials degrade significantly faster 
than in drought-resistant ones, with an anomalous rise in the red-edge index often preceding 
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actual yield loss. This demonstrates that time-series multispectral monitoring can overcome 
the time-lag issues associated with manual visual field assessments. By capturing subtle 
early-stage variations in canopy reflectance, it is possible to dynamically track the drought 
status of field populations before irreversible, substantial yield loss occurs, thereby providing 
data to support irrigation timing decisions in precision agriculture.

Using extreme genotypes to validate remote sensing models is a well-established strat-
egy in crop phenotyping. Wang et al. [5] compared drought-resistant and drought-sensitive 
cotton accessions at the germination stage and found that physiological differences between 
extreme genotypes could reach 2–3-fold; Zhang et al. [32] similarly pointed out that extreme-
sample validation is critical for assessing model generalization. The consistent spectral 
stability of HR materials and the significant spectral changes in HS materials observed here 
further support the feasibility of this strategy for cotton drought-resistance breeding.

5. Conclusions
This study established a non-destructive, high-throughput framework for evaluating 

cotton drought tolerance by integrating UAV-based time-series multispectral remote sensing 
with interpretable machine learning. Based on two consecutive years of field water-stress 
experiments using 150 Gossypium hirsutum accessions, time-series multispectral imagery 
sensitively captured the dynamic response of cotton to water deficit across growth stages, 
overcoming the time-lag limitations of manual observation. Ensemble learning models 
(RF and Stacking) outperformed KNN and SVR in predicting DCEBN, showing higher 
accuracy and stronger generalization. SHAP analysis identified MTVI2, EVI, NRI, and 
SCCCI as the four key spectral markers, whose variation patterns were closely associated 
with canopy source–sink regulation and leaf senescence under drought stress. Validation 
using extreme drought-resistant and drought-sensitive genotypes confirmed that these 
four indices effectively distinguished contrasting drought-resistance levels. Together, these 
findings provide a reliable and interpretable spectral basis for high-throughput drought-
resistant germplasm screening in cotton breeding.
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